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Abstract.

Fake review detectors must be accurate and able to justify their decisions to moderators, sellers and
regulators. Knowledge-enhanced detectors built on large language models (LLMs) have shown that
curated fraud knowledge and step-by-step rationales improve both accuracy and interpretability, but they
rely on GPU fine-tuning and generative inference. This paper presents GRADE (Grounded Retrieval-
Augmented Detection with Explanations), a lightweight framework in which every decision is grounded in
three verifiable sources of evidence: labelled precedent reviews retrieved by a hybrid sparse-dense
retriever over pretrained language model embeddings, a knowledge base of 25 executable fraud indicators
(linguistic, sentiment and behavioural) calibrated on the training data, and a sparse lexical model that
exposes the n-grams driving the decision. An additive stacker combines the three channels, so the log-odds
of each verdict decompose exactly into channel contributions and the explanation is faithful by
construction. On two public benchmarks, human-written deceptive hotel reviews and machine-generated
Amazon reviews, GRADE reaches 90.0% and 95.2% accuracy (AUC-ROC 96.7% and 99.0%), matching
or exceeding the strongest non-retrieval baselines; it is up to 5.3 F1 points more accurate when only a few
hundred labelled reviews are available, transfers across product categories with up to 8.7 F1 points more
than text-only models, and runs at 54—150 ms per review on a single CPU core. Perturbation tests show
that the evidence cited by GRADE, obtained at no extra cost, approaches the faithfulness of a LIME
surrogate that needs 400 additional model evaluations per review and is three to nine times more faithful
than random evidence at the same budget.

Keywords: fake review detection; retrieval-augmented classification; explainable Al; evidence grounding;
hybrid retrieval; faithfulness

1. Introduction

Online reviews shape a large share of consumer spending, and the incentive to manipulate them is
correspondingly strong. Field studies on Yelp found that a restaurant's propensity to post
fraudulent reviews rises sharply when its reputation is weak or competition intensifies [1], and
surveys document a steady escalation from crowd-sourced human deception to automatically
generated text [2], [3]. Platforms therefore operate detection systems at scale, and their decisions
affect sellers and users directly; a detector that cannot say why a review was flagged is difficult to
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audit, to contest, and to maintain as fraud tactics drift. Detectors have moved through three
generations. Early work combined hand-crafted linguistic and behavioural features with linear
classifiers [4]-[6]; neural models then learned representations directly from text [7], [8]; and graph
models exploited the relational structure between reviewers, products and reviews [9]. Most
recently, large language models adapted with low-rank adapters [10] and prompted to reason step
by step [11] have combined high accuracy with natural-language rationales, and knowledge-
enhanced variants have shown that injecting curated fraud indicators improves both detection and
interpretability (Section II-A). Operating such detectors at platform scale adds three requirements:
inference should run on commodity hardware, newly labelled fraud should become usable without
re-training a large model, and the rationale shown to a moderator should be verifiable against the
computation that produced the verdict [12], [13]. Retrieval augmentation offers a different route
to the same goals. Instead of storing task knowledge in model weights, retrieval-augmented
systems, of which retrieval-augmented generation (RAG) is the best-known form, retrieve relevant
evidence from an external index at inference time and condition the prediction on it [14]-[16]. For
in-context learning, retrieving examples that are semantically similar to the query has been shown
to be far more effective than random examples [17]. Two properties make this attractive for fraud
detection: the evidence that supports a decision is explicit and can be displayed, and the evidence
base can be updated by appending newly labelled reviews to the index. Knowledge-enhanced
prompting applies the first property to curated fraud indicators; this paper asks whether a detector
can be made explainable by construction if all of its evidence is retrieved, measured or weighted
transparently. We present GRADE (Grounded Retrieval-Augmented Detection with
Explanations), a retrieval-augmented classifier whose explanations are traceable to their evidence.
GRADE grounds every decision in three channels: (i) an exemplar channel that retrieves the k
most similar labelled reviews with a hybrid retriever combining BM25 and dense embeddings
from a pretrained MiniLM sentence encoder, and converts their labels into a similarity-weighted
vote; (i1) a knowledge channel that evaluates a knowledge base of 25 executable fraud indicators,
organised into linguistic, sentiment and behavioural categories, whose direction and strength are
calibrated on the training data and which are surfaced by measurement rather than by textual
similarity; and (iii) a lexical channel that scores the review with a sparse n-gram model and exposes
the phrases responsible. A logistic stacker combines the three channel scores, so the final log-odds
decompose additively into channel contributions. Because the explanation lists the actual inputs
of the decision function, removing the cited evidence and re-running the pipeline is a direct test of
faithfulness, which we conduct against LIME and random-evidence controls.

The contributions of this work are as follows.

* Aretrieval-augmented detection framework whose three evidence channels (retrieved labelled
precedents, calibrated knowledge indicators and lexical cues) are combined additively, so that
verdicts can be read off channel by channel.

* An executable fraud-indicator knowledge base that turns natural-language fraud knowledge
into measurable functions, and a measurement-based selection rule that surfaces only the
indicators a review actually exhibits, compared directly against similarity-based knowledge
retrieval.

* A grounded explanation generator and an end-to-end perturbation-based faithfulness protocol:
removing the cited evidence, which covers only about a tenth of the tokens of a review, lowers
the model's confidence by 0.30 on average and flips 35% of the verdicts on OpSpam, matching
a post hoc LIME surrogate on that corpus at zero overhead and exceeding a random-evidence
control by an order of magnitude.

* A comprehensive evaluation on human-written deception (1,600 hotel reviews) and machine-
generated reviews (40,432 Amazon reviews): ablations, retrieval-mode and k sensitivity, data
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efficiency and index growth, transfer across polarity, category and dataset, and CPU-only

efficiency.
I1. RELATED WORK
A. Fake Review Detection
Ott et al. introduced the first gold-standard corpus of deceptive hotel reviews and showed that n-
gram features with a support vector machine detect crowd-sourced deception far better than human
judges, who perform near chance [4]. Behavioural signals such as rating deviation, burstiness and
reviewer activity were found to be highly indicative of spam on Yelp [5], and collective models
that bridge review networks and metadata improved detection further [6]. A newer threat is
machine-generated text: Salminen et al. showed that GPT-2-generated product reviews fool human
readers but not classifiers [18]. Large language models have recently advanced the field
considerably. Chen et al. [19] proposed KE-MLLM, which adapts LLaMA-3-8B with LoRA,
retrieves curated fraud indicators into a knowledge-enhanced prompt, fuses temporal and user-
level behavioural signals through cross-attention, distils knowledge from a 70B teacher and
generates chain-of-thought rationales; it reaches an Fl-score of 94.3% on YelpChi, and its
explanations agree with expert annotations in 89.5% of cases. Two of its findings directly inspired
the present work: fraud knowledge organised into linguistic, sentiment and behavioural categories
improves detection substantially (removing its knowledge base costs 3.2 F1 points), and decisions
become auditable when the rationale walks through these categories step by step. GRADE extends
this knowledge-enhanced design to a retrieval-augmented setting in which the knowledge is
executable and the decision is an additive function of verifiable evidence (Section III-C).
B. Retrieval-Augmented Methods and Faithful Explanations
Retrieval augmentation conditions a model on documents fetched from an external corpus:
REALM pre-trains a language model jointly with a latent retriever [20], RAG combines a dense
retriever with a sequence-to-sequence generator [14], and in-context RALM shows that simply
prepending retrieved documents to a frozen language model yields large gains without any training
[15]. GRADE's exemplar channel consumes the retrieved items through an interpretable weighted
vote rather than an opaque reader, so that the precedents can be shown to the user as evidence. On
the explanation side, the XAl literature distinguishes post hoc explanations of black-box models
from models that are interpretable by design [21]. LIME fits a local surrogate around an instance
[22]; attention weights were shown not to be reliable indicators of what drives a prediction [12].
Jacovi and Goldberg argue that explanations must be evaluated for faithfulness, i.e., whether they
reflect the model's actual reasoning, rather than only for plausibility [13], and ERASER
operationalises this with comprehensiveness and sufficiency metrics computed by erasing or
retaining the cited rationale [23]. GRADE is designed so that such erasure tests are passed by
construction, and Section VI applies them end-to-end. Neural-symbolic dual-indexing provides an
instructive retrieval design that combines structured access paths with broad semantic coverage in
retrieval-augmented systems [31].
ITI. THE GRADE FRAMEWORK
A. Problem Statement and Overview
Let D= {(x i,y 1)} be labelled reviews, x_i=(t i, m_i) the text with optional metadata (here the
star rating) and y 1 € {0, 1} the genuine/fake label. We seek the log-odds f(x) of the fake class
together with an explanation e(x) that is grounded (every cited item is a span of the review, a
measured property of it, or a retrieved labelled review) and faithful (removing cited items moves
f(x) away from the verdict). Fig. 1 summarises the framework. GRADE uses pretrained sentence
embeddings for evidence retrieval and a discriminative evidence stacker for classification; it does
not employ generative language-model inference. An incoming review is encoded once with the
MiniLM encoder and then processed by three evidence channels. The exemplar channel retrieves
the k most similar labelled reviews from the index and turns their labels into a similarity-weighted
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Figure 10verview of GRADE. A review is encoded once; the exemplar channel retrieves labelled precedents with a hybrid
BM25/dense retriever, the knowledge channel evaluates the calibrated fraud-indicator knowledge base, and the lexical channel
scores n-grams. An

vote s_ex. The knowledge channel evaluates the fraud-indicator knowledge base on the review,
standardises each indicator against the training distribution and scores the resulting vector with a
logistic model, giving s_kb. The lexical channel scores the review with a sparse TF-IDF n-gram
logistic model, giving s_lex. An additive stacker combines the three scores into the final log-odds
z, and the explanation module assembles a grounded rationale from the components that produced
z. Every component is deliberately linear in its evidence so that contributions can be attributed
exactly; the non-linearity lies in retrieval and in the encoder, which expose their intermediate
results (neighbours and similarities) in the explanation.

B. Hybrid Exemplar Retrieval

The index stores every training review together with its label, its BM25 term statistics and its dense
embedding. Every review is embedded once with all-MiniLM-L6-v2, a six-layer transformer
distilled from larger models [24] and trained as a sentence encoder with a contrastive objective
[25]; mean pooling and €2 normalisation give a 384-dimensional vector e(t) with cosine similarity
cos(t, d) = e(t)-e(d). For a query review t, the dense retriever ranks indexed reviews by cosine, the
sparse retriever by BM25 [26] (ki = 1.5, b = 0.75, implemented as a sparse matrix product), and
the two rankings are merged with reciprocal rank fusion [27], RRF(d) =X r 1/(x + rank r(d)) with
Kk = 60, which is robust to the different scales of the two scores. The top-k fused results form the
retrieved set R(t). BM25 surfaces reviews that reuse the same rare words and phrases, characteristic
of templated spam, whereas dense similarity surfaces reviews with the same meaning expressed
differently, characteristic of paraphrased or generated spam. We analyse the two retrievers and
their fusion separately in Section V.

The retrieved labels are aggregated into a signed, similarity-weighted vote

s ex(t)=Z {deR(t)} ® d(2y d—1)/X {dER(t)} ® d, ® d=max(cos(t,d), 0.05), (1)

which lies in [—1, 1] and is positive when the precedents are predominantly fake. Equation (1) is
itself an explanation: it states how many of the k closest labelled reviews are fake and how similar
they are, and the top precedents are displayed verbatim in the rationale.
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C. Executable Fraud-Indicator Knowledge Base

The knowledge base is built upon the fraud-knowledge design of KE-MLLM [19]. We adopt its
organisation of fraud knowledge into linguistic patterns, sentiment anomalies and behavioural red
flags, which also structures its step-by-step rationales, and we implement its representative
knowledge items as executable indicators, each consisting of a natural-language description and a
function that measures the indicator on a review: excessive superlatives (L.1), generic descriptions
lacking product-specific details (L5—-L7, L17) and rating—text sentiment mismatch (B2). Its rating-
deviation signal is adapted as rating extremity (B1), measured against the scale midpoint because
product-level average ratings are not available in the public corpora. These seven items are marked
1 in Table I. The remaining 18 indicators extend the same categories with further linguistic cues,
such as punctuation and capitalisation, pronoun and adverb use, lexical diversity, word and review
length, sentence-length variability, repetition, past-tense narration and function-word rate, and
with sentiment cues computed by VADER [28]: sentiment extremity, the shares of positive and
negative wording, and their minimum, which captures balanced evaluations. Burst and account-
age red flags can be added as further items wherever a platform exposes timestamps and account
histories.

Rather than fixing the polarity of each indicator by hand, GRADE calibrates the knowledge base
on the training split. Every indicator value is standardised to a z-score using the training mean and
standard deviation, and a regularised logistic model with coefficients 3 is fitted on the standardised
vector, so that the knowledge score is

s kb(t)=Po+Z_j Bz (0 zjt)=(j®-nj)/oj ()

The sign of B_j encodes the learned direction of the indicator in the current domain (for example,
first-person pronouns are a deception cue in crowd-sourced hotel reviews but not necessarily in
generated product reviews), and the product B _j z j(t) is the contribution of indicator j to the
decision for review t. An indicator is triggered for a review when its contribution points toward
the predicted class and |z_j(t)| > 0.5; triggered indicators are reported in the explanation with their
category, direction and magnitude, e.g., “high density of superlatives/intensifiers (z=+1.8)”. This
measurement-based selection adapts the knowledge retrieval of the adopted design, which ranks
knowledge items by the cosine similarity between their descriptions and the review, an effective
way to direct an LLM's attention through its prompt. With executable items, selection can follow
what the review measurably exhibits rather than what it talks about, and every surfaced item carries
a quantitative deviation score; Section V-B compares the two rules.

D. Lexical Channel

The lexical channel is a logistic regression on sub-linear TF-IDF features over word unigrams and
bigrams (minimum document frequency 2). Its score s_lex(t) =00+ X g0 gx g(t) is linear in the
n-gram weights x_g(t), and the explanation lists the n-grams present in the review with the largest
contribution 6 g x g(t) toward the predicted class. Sparse n-gram models remain among the
strongest in-domain detectors of crowd-sourced deception [4].

E. Additive Stacking

The three channel scores are combined by stacked generalisation [29]:

z(t)=w_lexs_lex(t) +w_ex s ex(t) +w_kbs kb(t)+b, P(fake|t)=o(z(t)). (3)

To avoid the optimistic bias of fitting the stacker on channel outputs produced for the same reviews
the channels were trained on, the stacker weights are estimated on out-of-fold channel outputs: the
training split is partitioned into K inner folds, each channel is fitted on K — 1 folds and applied to
the held-out fold, and the stacker is fitted on the resulting out-of-fold scores. The channels are then
refitted on the full training split for inference. The stacker has only four parameters, which keeps
it stable for small training sets, and its weights show how much each evidence source is trusted in
a given domain. Because (3) is additive, the contribution of each channel to a verdict is exactly
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w_c s_c(t), and the explanation reports the full decomposition z =w lex s lex + w_ex s ex +
w_kbs kb+b.

F. Grounded Explanation Generation

The explanation for a review is a structured object rendered into a four-part rationale whose steps
follow the category structure of the knowledge base (Section III-C) in the step-by-step form of
chain-of-thought reasoning [11]. (1) Linguistic evidence: the top-5 n-grams present in the review
that push toward the verdict, each quoted verbatim. (2) Knowledge indicators: up to four triggered
indicators with their descriptions, direction and z-scores. (3) Precedents: the number of fake
reviews among the k retrieved exemplars and the closest exemplar with its label and similarity. (4)
Decision: the verdict, the confidence max(P, 1 — P) and the additive decomposition of the log-
odds. Every item is a span of the review, a measured property of it, or a retrieved labelled review,
so the rationale contains no claim that cannot be checked against the input or the index. Fig. 3
shows rationales produced for a deceptive and a genuine review.

Table 1THE EXECUTABLE FRAUD-INDICATOR KNOWLEDGE BASE (25 ITEMS, THREE CATEGORIES; T IMPLEMENTS A
KNOWLEDGE ITEM OF THE DESIGN ADOPTED IN SECTION 111-C)

ID Catego Ind.lcator (measured on the ID Catego Indicator (measured on the review)
ry review) ry
L1t linguisti fiensny of superlatives / 114 linguisti all-caps words
c intensifiers C
L2 ngulstl use of exclamation marks L15 lclngUIStl rhetorical questions
L3 linguisti |first-person singular pronoun L16 linguisti repeated punctuation (!1, ...)
C rate C
L4 linguisti |second-person (reader-directed) L17+ linguisti concrete spatial / sensory details
c pronoun rate c
L5t lclngulstl generic promotional phrases  |L18 ilngulstl past-tense narration of experience
Lot lcmgulstl numeric / quantitative details |L19 lclngUIStl function-word rate
L7+ lcmgulstl named, specific entities S1 ;intlme sentiment extremity
LS8 lclngulsu lexical diversity S2 ;intlme share of positive wording
L9 lclngulstl average word length S3 ;intlme share of negative wording
L10 lclngulstl review length S4 ;intlme balanced (mixed) sentiment
linguisti o behavio .
LI11 o sentence-length variability Bl1t ural extreme star rating
L12 linguisti repeated phrasing B2+ behavio mlsrpatch between star rating and text
c ural sentiment
L13 lclngulsu adverb (-ly) usage
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The union of the cited n-grams and the surface tokens that realise the triggered lexicon-based
indicators defines the evidence span set E(t). This set is what the faithfulness evaluation in Section
VI removes from, or retains in, the review.

G. Complexity and Updatability

Training fits two logistic models and builds the retrieval index, which takes seconds to minutes on
a CPU; inference needs one encoder pass, one sparse and one dense scoring pass over the index
(O(N) for N indexed reviews, trivially batched) and two sparse dot products. Because the index is
non-parametric, newly labelled reviews can be appended to it at any time: the precedents shown
in explanations immediately reflect them, while the stacker and the other channels remain
unchanged. Section V-C shows that appending reviews immediately improves the retrieved
precedents, while detection gains come from refitting the two logistic channels, which takes
seconds to minutes.

IV. EXPERIMENTAL SETUP

A. Datasets

We evaluate on two public benchmarks that represent the two dominant forms of review fraud.
OpSpam is the Deceptive Opinion Spam corpus of Ott et al. [4], [30]: 1,600 reviews of 20 Chicago
hotels, half truthful (collected from TripAdvisor and other platforms) and half deceptive (written
on request by crowd workers), balanced across positive and negative polarity. Human judges
perform near chance on it. Amazon-CG is the fake-reviews dataset of Salminen et al. [18]: 40,432
product reviews from ten Amazon categories, half original (OR) and half generated by a GPT-2
model fine-tuned on the originals (CG), each with its star rating. The corpora differ in size by a
factor of 25, in review length (149 vs. 67 words on average) and in the nature of the fake class,
which lets us test whether the same evidence channels apply to human and machine deception.
Both are balanced, so accuracy is meaningful.

B. Baselines

We compare GRADE with representatives of each family of detector that can be trained and run
under the same CPU budget. Lexical models: TF-IDF word uni/bigrams with multinomial naive
Bayes, a linear SVM (C = 1) and logistic regression (C = 10), the strongest in-domain detectors
reported for OpSpam [4]. Feature-based models: a random forest (300 trees) and a logistic
regression on the 25 knowledge-base indicators, i.e., the hand-crafted linguistic/behavioural
feature approach of early work [5]. Pretrained-encoder models: logistic regression on the frozen
MiniLM sentence embedding. Retrieval-only models: the similarity-weighted k-NN vote of (1)
with dense, BM25 and hybrid retrieval (k = 10), i.e., GRADE's exemplar channel used on its own.
All models are trained on identical folds with identical features and seeds.

C. Metrics and Protocol

We report accuracy, precision, recall and F1 for the fake class together with the threshold-free
AUC-ROC and AUC-PR. All detection results are 5-fold stratified cross-validation means with
standard deviations (seed 42); the stacker of GRADE is fitted on out-of-fold channel outputs within
each training fold (K = 5 inner folds on OpSpam, K = 2 on Amazon-CG), so no test review
influences any component. Two further elements of the experimental design are drawn from KE-
MLLM [19]. First, we reproduce its similarity-based knowledge retrieval as an alternative
selection rule for the knowledge channel: the review and natural-language statements of the 25
indicators are embedded with MiniLM, and only the five items with the highest cosine similarity,
the retrieval depth of the original configuration, are passed to the channel; a label-free control
instead keeps the five indicators with the largest measured deviation |z_j|. Second, we employ its
threshold-based faithfulness score, the fraction of reviews whose confidence in the predicted class
drops by more than t = 0.2 when the cited evidence is removed, and report it together with
ERASER's comprehensiveness and sufficiency [23] and the verdict flip rate (Section VI).
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D. Implementation Details

The dense encoder is the ONNX export of all-MiniLM-L6-v2 (384 dimensions, maximum 256
word pieces for OpSpam and 128 for Amazon-CG). The exemplar channel retrieves k = 10
neighbours unless stated otherwise. The lexical channel uses sub-linear TF-IDF over word
uni/bigrams with minimum document frequency 2 and L2-regularised logistic regression (C = 10,
liblinear). The knowledge channel standardises the 25 indicators with training statistics and fits an
L2-regularised logistic model (C = 1), as does the stacker. Sentiment indicators use the VADER
lexicon [28]. All experiments run on one CPU core with 4 GB of memory; no GPU is used at any
stage.

V. RESULTS

A. Detection Performance

Table II reports the main comparison. On OpSpam, GRADE reaches 90.0% accuracy and 90.0%
F1 with an AUC-ROC of 96.7% and an AUC-PR of 96.9%. The strongest baseline is the lexical
SVM (89.9% accuracy, 90.0% F1, 96.4% AUC-ROC): GRADE matches it on the thresholded
metrics, improves both area metrics by 0.3 points. On Amazon-CG, GRADE improves on every
baseline on every metric, reaching 95.2% accuracy and F1 (+0.4 and +0.5 over the SVM, +0.7
over logistic regression) and 99.0% AUC-ROC. The gains on Amazon-CG are consistent: GRADE
exceeds the best baseline in all five folds (by 0.3 to 0.8 F1 points). On OpSpam, GRADE is on par
with the strongest lexical models in-domain (fold-level differences within one point) while adding
grounded explanations and a clear advantage when labelled data are scarce (Section V-C). The
retrieval-only and knowledge-only detectors are clearly weaker than the lexical models in isolation
(82.7% and 75.3% F1 on OpSpam; 82.1% and 82.7% on Amazon-CG): precedent retrieval and
fraud indicators are complementary sources of evidence, not replacements for a text model.
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Table 2Table 2DETECTION PERFORMANCE (5-FOLD CROSS-VALIDATION, MEAN # STD, %). POSITIVE CLASS = FAKE REVIEW.

OpSpam (hotel, human-written) Amazon-CG (machine-generated)

Method Acc P R F1 AU AU Acc P R F1 AU AU
C- C- C- C-
RO PR RO PR
C C

TF-IDF + 87.6 829 948 884 962 964 892 845 960 899 976 979

NB +0.5 +0.5 *1.3 +0.5 +04 =+04 05 =+0.7 +02 =+0.4 0.1 =0.1

TF-IDF + 899 893 90.8 90.0 964 96.6 948 955 940 947 98.8 98.9

SVM +1.0 £1.0 1.7 =«£1.0 +03 +0.3 +0.1 +0.3 02 +0.1 0.0 =0.0

TF-IDF+LR 89.8 893 904 898 964 966 945 954 936 945 98.7 9838
+1.1 +14 <+1.6 =<£I.1 +03 +03 +0.1 +02 02 =+0.1 =+0.0 =+0.0
KB features 74.7 74.7 746 747 81.7 79.6 857 84.6 872 859 937 93.6

+RF 123 423 427 24 28 £35 04 0.6 £0.2 203 02 =03
KB 749 743 765 753 823 809 82.6 824 829 8.7 913 910
indicators + +3.0 +3.4 £25 427 422 +34 04 +0.6 +04 +04 +03 =03
LR

MiniLM + 81.9 81.1 83.2 822 904 905 803 804 80.1 802 883 88.1
LR +12 +08 +2.1 +13 1.5 £1.1 03 04 £1.0 =04 03 +04
KNN  vote 71.7 663 885 758 799 772 673 623 87.8 729 789 784
(dense, +15 414 £3.0 +14 +1.8 £2.5 04 +03 £0.5 03 +03 =+0.7
k=10)

KNN  vote 81.9 79.1 868 827 89.8 89.6 79.0 717 960 821 929 918
(BM25, +1.5 (421 |£1.2 |£1.3 |£1.1 | £1.4 |£0.4 |£04 | £0.3 |£0.3 |+0.1 | £0.3
k=10)

KNN  vote 79.5 73.5 924 81.8 89.6 885 738 669 942 782 883 87.0
(hybrid, +18 +1.6 +1.7 +1.6 +0.8 +1.5 03 +03 +03 202 =+0.2 0.6
k=10)

GRADE 90.0 90.1 89.9 90.0 967 969 952 956 948 952 99.0 99.1
(ours) +0.8 +1.0 +1.2 0.8 02 £02 02 03 £02 =202 0.0 +0.0

B. Ablation of Evidence Channels, Retrieval and Knowledge Selection

Table III removes one channel at a time. The lexical channel is the backbone in both domains:
without it, F1 drops to 85.4% on OpSpam and 87.9% on Amazon-CG. The knowledge channel
contributes most on Amazon-CG, where removing it costs 0.7 F1 and 0.25 AUC-ROC points and
where the stacker weights it (0.48) above the exemplar channel (0.30), consistent with the strong
stylistic regularities of generated text. On OpSpam the knowledge channel is weighted lightly
(0.15), while the exemplar channel receives a weight of 1.41 and raises AUC-ROC from 96.3% to
96.7%. In-domain on Amazon-CG the exemplar channel leaves the thresholded metrics
unchanged, since the lexical model already separates the classes almost perfectly; its benefits
appear in the low-data setting below and, above all, in the explanations, which gain concrete
precedents. The retrieval rows of Table III compare dense, sparse and hybrid retrieval. Dense
retrieval alone and BM25 alone yield very similar detection quality once stacked (90.1%/90.5%
F1 on OpSpam, 95.2%/95.3% on Amazon-CQ), and the hybrid achieves the best AUC-ROC on
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OpSpam (96.7%). As standalone voters, BM25 is far stronger than dense cosine (82.7% vs. 75.8%
F1 on OpSpam; 82.1% vs. 72.9% on Amazon-CG): deceptive reviews reuse distinctive phrases,
which exact matching captures, whereas semantic similarity retrieves reviews about the same hotel
or product regardless of label. The hybrid inherits the precision of BM25 while adding paraphrase-

level neighbours, and we use it by default because it exposes both kinds of precedent.
Table 3ABLATION OF EVIDENCE CHANNELS, RETRIEVAL MODES AND KNOWLEDGE-SELECTION RULES (5-FOLD MEAN, %; AUC

= AUC-ROC)
OpSpam Amazon-CG

Variant Acc | F1 | AUC | Acc | F1 | AUC
GRADE (full) 90.0 | 90.0 | 96.7 | 95.2 | 95.2 | 99.0
w/o lexical channel 8531854919 |87.8]87.9]95.1
w/0 exemplar channel 89.9 18991963 |953]952]99.0
w/o knowledge channel 89.9 1 89.9 1 96.7 |94.6 | 94.5 | 98.8
lexical only 89.6 | 89.5 1964 |94.6 |94.5|98.7
exemplars only 81.8 | 82.6 | 89.6 | 80.4 | 80.8 | 88.3
knowledge only 74.8 1753 823 |82.6(82.7|91.3
retrieval: dense only 90.1 [90.1 [96.4 |95.2]95.2]99.0
retrieval: BM25 only 90.5 190.5 196.5 [95.3]9531]99.0
retrieval: hybrid (RRF) 90.0 [ 90.0 | 96.7 |95.2195.2]99.0
knowledge only, similarity top-5 | 64.3 | 66.1 | 68.9 | 64.0 | 63.5 | 69.8
knowledge only, deviation top-5 | 70.1 | 71.1 | 76.8 | 78.5 | 78.6 | 87.0
GRADE,  similarity  top-5|90.1 | 90.1 | 96.7 | 94.6 | 94.6 | 98.8
knowledge

GRADE, deviation  top-5{90.0 | 89.9 | 96.6 | 95.1 | 95.1 | 98.9
knowledge

The last four rows of Table III compare knowledge-selection rules. When the knowledge channel
sees only the five items whose descriptions are most similar to the review, it reaches 66.1% F1 and
68.9% AUC-ROC on OpSpam and 63.5% and 69.8% on Amazon-CG, compared with
75.3%/82.3% and 82.7%/91.3% when all calibrated indicators are measured; the deviation-based
control lies in between (71.1% and 78.6% F1). The retrieved items explain the gap: on hotel
reviews the similarity rule selects the spatial-detail item for 99% and the past-tense item for 89%
of the reviews, because their descriptions match the topic of almost every review, and on average
only 1.4 (OpSpam) and 1.2 (Amazon-CQG) of its five items coincide with the five indicators that
deviate most. Measured against the reviews themselves, 36% and 32% of the similarity-selected
items are exhibited in the direction of the verdict, against 56% and 61% for the deviation-based
control. Similarity retrieval suits prompting, where the LLM itself judges whether a retrieved
pattern is present; executable knowledge makes that judgement explicit and measurable, which
turns the surfaced indicators into reliable evidence. In the full model the stacker down-weights a
weaker knowledge channel, so the three rules perform alike on OpSpam (90.0%, 90.1% and 89.9%
F1), whereas on Amazon-CG, where knowledge carries more weight, similarity-based selection
lowers F1 from 95.2% to 94.6% and AUC-ROC from 99.0% to 98.8%. Varying k from 1 to 50 (5-
fold means) shows that GRADE is stable over the whole range: F1 stays within 90.0-90.3% on
OpSpam and 95.2-95.3% on Amazon-CG, and AUC-ROC varies by at most 0.3 points; the stacker
adapts the exemplar weight to k (from 0.26 at k = 1 to 1.97 at k = 50 on OpSpam) as the vote
becomes smoother. We use k = 10 as a balance between evidence breadth and the length of the
precedent list shown in explanations.
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C. Data Efficiency and Index Growth

Retrieval augmentation uses every labelled review directly as evidence, which favours small
labelled sets. Fig. 2 trains all components on 5% to 100% of a training fold. The advantage of
GRADE over the lexical model is largest when data are scarce: with 128 OpSpam reviews GRADE
reaches 79.2% F1 versus 73.9% for TF-IDF + LR (+5.3 points), with 320 reviews 86.5% versus
83.9%, and with 640 reviews 89.4% versus 87.7%; on Amazon-CG the margin is 1.2—-1.3 points
from 1,617 to 3,234 reviews and shrinks to 0.9 at 16k reviews. The k-NN vote alone is weak in all
regimes, so the gain comes from stacking precedents and indicators on top of the lexical score.

OpSpam (hotel) Amazon-CG

-8 oaane 95 4
- TFOF & LR
85 4 == kNN vate (hybiid) L
3 ) & GRADE
= g0 2 85 - TFIDF + LR
E E =& kNN vote {hybrid)
80 1
75 1
75 1
107 10° 10¢
indexed / training reviews indexed / training reviews

Figure 2Data efficiency: F1 on the held-out fold as a function of the number of indexed/training reviews (log scale).

Newly labelled reviews can be appended to the index immediately or used to refit the channels. In
a fold-1 experiment in which GRADE is first trained on half of the training fold, appending the
other half'to the index improves the evidence shown to the user at once: the similarity of the closest
precedent rises from 0.699 to 0.715 on OpSpam and from 0.591 to 0.615 on Amazon-CG, and the
share of precedents carrying the true label from 65.8% to 67.4% and from 68.1% to 69.8%.
Detection gains come from refitting the lexical and knowledge channels (F1 from 87.4% to 88.4%
and from 94.4% to 95.3%), which takes only 1.5 s and 99 s, respectively (Section V-D).

D. Computational Cost

On one CPU core, training GRADE on an OpSpam fold, including the inner cross-validation
needed for the stacker, takes 1.5 s; on an Amazon-CG fold with 32,345 indexed reviews it takes
99 s. End-to-end inference, including both retrievals and the rendering of the explanation, takes 54
ms per review on OpSpam and 150 ms on Amazon-CG, where scoring against the larger index
dominates and batching helps further. GRADE thus brings explainable detection into the range of
commodity hardware, with 23k (OpSpam) and 140k (Amazon-CQG) trained parameters, essentially
all of them interpretable n-gram weights.

VI. EXPLANATION FAITHFULNESS

A. Protocol

An explanation is faithful if the evidence it cites is what the model actually used. We test this with
the perturbation protocol of Section IV-C. For 100 randomly sampled test reviews per dataset
(fold-1 models), we delete the evidence span set E(t) cited by GRADE from the review and re-run
the entire pipeline on the perturbed text, including re-encoding and re-retrieval. Let c(t) = P(¥ | t)
be the confidence in the originally predicted class §. Comprehensiveness is c(t) — c(t \ E),
sufficiency is c(t) — c(E) with only the cited spans kept, faithfulness@0.2 is the fraction of reviews
with comprehensiveness above T = 0.2, and the flip rate is the fraction of changed verdicts. All
methods are given the same token budget: the number of distinct tokens that GRADE cites for a
review is used as the budget for the competing explanations of the same review. We compare four
explanations of the same GRADE model: the full GRADE evidence set; GRADE's lexical terms
only; LIME [22] run on the full pipeline as a black box (400 samples per review); and a random
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selection of the same number of word tokens, which calibrates the effect of any deletion of that

size.
Table 4EXPLANATION FAITHFULNESS ON 100 HELD-OUT REVIEWS PER DATASET AT THE SAME TOKEN BUDGET (COMPR. =
COMPREHENSIVENESS, SUFF. = SUFFICIENCY; FAITH@0.2, FLIP AND TOKENS REMOVED IN %)

Explanation (same | Compr. | Suff. | Faith@0.2 | Flip | Tokens

budget)

OpSpam

GRADE evidence | 0.303 - 58.0 35.0 | 9.8%

(full) 0.097

GRADE lexical terms | 0.271 - 52.0 33.0 | 6.8%

only 0.097

LIME (400 samples) | 0.311 - 60.0 38.0 | 7.9%
0.094

Random tokens 0.033 0.255 7.0 12.0 | 9.5%

Amazon-CG

GRADE evidence | 0.282 - 44.0 30.0 | 23.0%

(full) 0.053

GRADE lexical terms | 0.264 - 41.0 28.0 | 19.6%

only 0.054

LIME (400 samples) | 0.376 - 56.0 43.0 | 17.6%
0.027

Random tokens 0.095 0.303 | 19.0 15.0 | 21.5%

B. Results

Table IV reports the results. Removing the evidence cited by GRADE, which covers 9.8% of the
tokens of an OpSpam review and 23% of the tokens of the much shorter Amazon-CG reviews,
lowers the confidence in the predicted class by 0.30 and 0.28 on average, flips 35% and 30% of
the verdicts, and exceeds the 1= 0.2 threshold for 58% and 44% of the reviews. The random control
at the same budget lowers confidence by only 0.03 and 0.10, flips 12% and 15% of the verdicts
and passes the threshold for 7% and 19%: GRADE's evidence is three to nine times more
comprehensive than an arbitrary deletion of the same size, so the drops do not merely reflect
shortened inputs. Sufficiency is negative for GRADE on both datasets (—0.097 and —0.053):
keeping only the cited spans produces a prediction that is at least as confident as the prediction on
the full review, i.e., the cited evidence alone carries the decision, whereas keeping random tokens
loses 0.25 and 0.30 of confidence. LIME, which is given 400 additional evaluations of the full
pipeline per review to fit a local surrogate, reaches a comprehensiveness of 0.31 on OpSpam, on
par with GRADE's 0.30, and 0.38 on Amazon-CG, where it finds somewhat more disruptive
tokens; GRADE's evidence, in turn, is at least as sufficient on both datasets (—0.097 vs. —0.094
and —0.053 vs. —0.027; lower is better). GRADE's rationale is thus competitive with a dedicated
post hoc explainer while being a free by-product of the decision, and it additionally reports
precedents and indicator deviations that no token-attribution method can express. Restricting the
evidence to the lexical terms (second row) lowers comprehensiveness by 0.02—0.03, so the
indicator tokens carry signal of their own.

VII. TRANSFER ACROSS POLARITY, CATEGORY AND DATASET

Table V evaluates models trained in one condition and applied without any adaptation to another.
We consider a polarity shift within OpSpam (train on the 800 positive reviews, test on the 800
negative ones, and vice versa), a category shift within Amazon-CG (train on eight product

285 | Page



RETRIEVAL-AUGMENTED EXPLAINABLE FAKE REVIEW DETECTION WITH EVIDENCE-GROUNDED INDICATORS

Table 5Table 5Table 5STRANSFER ACROSS POLARITY, PRODUCT CATEGORY AND DATASET (F1 / AUC-ROC, %)

Transfer setting n_train /| TF- Minil. | KB+L | kNN GRAD | GRAD
n_test IDF+L. | M+LR | R (hybrid |[E w/o | E
R ) KB

OpSpam: positive — | 800/800 | 67.3 479 323 677 /671 /|642 /
negative 85.6 80.3 74.1 81.0 87.0 87.5
OpSpam: negative — | 800/800 | 76.7 63.3 61.8 725 /|740 /|734 /
positive 91.4 79.7 75.6 79.0 91.4 91.4
Amazon-CG:  held-out | 31332 /| 76.8 73.5 84.7 749 /|788 /|85 /
Books, Kindle 9100 95.9 85.1 93.1 82.1 96.0 97.6
Amazon-CG:  held-out | 32586 /| 92.5 71.5 81.5 776 /1926 /[93.6 /
Electronics, Tools 7846 98.4 82.7 90.7 84.8 98.4 98.7
OpSpam — Amazon-CG | 1600 /| 13.1 27.3 66.2 455 /|13.0 /|179 /
(cross-dataset) 40432 41.1 55.7 68.4 50.2 42.6 46.5
Amazon-CG — OpSpam | 40432 /| 0.0 12.6 12.1 328 /]0.0 /1 0.0 /
(cross-dataset) 1600 50.6 59.0 63.1 50.8 50.7 55.3

categories, test on two held-out ones) and the cross-dataset shift between human-written hotel
deception and machine-generated product reviews.

Under category shift, GRADE transfers markedly better than the text-only models. With Books
and Kindle held out it reaches 85.5% F1 and 97.6% AUC-ROC against 76.8% and 95.9% for TF-
IDF + LR, a gain of 8.7 F1 points, and with Electronics and Tools held out it reaches 93.6% against
92.5%. The ablation column shows where the robustness comes from: without the knowledge
channel GRADE drops to 78.8% on the Books/Kindle split, and the knowledge indicators alone
reach 84.7%. Generated reviews share stylistic regularities (sentiment extremity, short length, little
concrete detail, rating-text alignment) that do not depend on the product vocabulary; the calibrated
indicators capture exactly these, whereas n-gram models partly learn category-specific wording,
and the stacker inherits the robustness through the weight it assigns to the knowledge channel.
Self-play contrastive fine-tuning for web search agents further illustrates the value of testing
retrieval-oriented systems under changing input conditions and distribution shifts [32].

Under polarity shift, GRADE preserves its ranking quality while the decision threshold moves.
GRADE's ranking quality 1s preserved or improved (AUC-ROC 87.5% vs. 85.6% for the lexical
model in the positive—negative direction and 91.4% in both cases in the reverse direction), but its
thresholded F1 is lower (64.2% vs. 67.3% and 73.4% vs. 76.7%), and the ablation attributes most
of the gap in the positive—negative direction to the knowledge channel: several sentiment
indicators that are calibrated on positive reviews reverse their meaning on negative ones, which
shifts the decision threshold even though the ordering of reviews remains good. Re-calibrating the
indicator statistics on a small unlabelled target sample addresses this, and the additive model
identifies the responsible channel directly from its contribution.

The cross-dataset setting is a stress test between two phenomena that share little surface signal,
crowd-sourced hotel deception and GPT-2 product reviews. Here all models stay between 41%
and 68% AUC-ROC and the text models default to the majority style of their source domain, while
the knowledge channel retains the most signal (68.4% and 63.1% AUC-ROC): a small core of
indicators, notably sentiment extremity, generic phrasing and the absence of concrete details, is
shared across both forms of fraud, whereas lexical and precedent evidence is domain-bound.
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VIII. QUALITATIVE AND ERROR ANALYSIS

Fig. 3 shows two rationales produced for OpSpam test reviews, one deceptive and one genuine.
The deceptive review (Example 1) is a short, generic complaint about a named hotel. The lexical
channel cites “intercontinental chicago”, “chicago hotel” and “the food”: crowd-sourced deceptive
reviews in OpSpam repeatedly name the hotel and the city, a pattern that genuine guests, who take
the setting for granted, rarely exhibit, and the model has learned it as a strong cue. All ten retrieved
precedents are deceptive, and the exemplar channel contributes +1.41 to a log-odds of +3.94. The
genuine review (Example 2) is classified with similar confidence for the opposite reasons: it
contains concrete, checkable detail (“3 blocks”, “2 blocks”, “ten minutes”, the concierge's name),
which the numeric-detail indicator flags at z=+1.6, it uses few first-person singular pronouns and
no exclamation marks, and only three of its ten precedents are deceptive. Every claim in these
rationales can be checked against the review or the index, and disagreement between channels is
exposed rather than hidden.

Example 1 — ground truth: fake

Review: “The InterContinental Chicago hotel terrible. First of all, the continental breakfast was
a joke. The food was unhealthy and unsatisfactory. After our first night, we expected the maid to
come clean up our room. We came back from site-seeing to find that our ro...”

GRADE rationale: Verdict: DECEPTIVE (confidence 0.98). (1) Linguistic evidence: the
phrase(s) “chicago”, “chicago hotel”, “the food”, “intercontinental chicago”, “food” are
characteristic of deceptive reviews in the indexed corpus. (2) Knowledge indicators: low numeric
/ quantitative details (z=-0.7); low sentiment extremity (z=-2.0); high share of negative wording
(z =+1.0); high function-word rate (z = +0.8). (3) Precedents: 10 of the 10 most similar indexed
reviews are deceptive (closest: “Me and my wife stayed at the Omni hotel in Chicago for a
customer training at a ...”, deceptive, sim = 0.67). (4) Decision: log-odds = lexical +2.92 +
exemplar +1.41 + knowledge -0.10 + bias -0.29 = +3.94.

Example 2 — ground truth: genuine

Review: “Stayed at this hotel with 3 friends or 4 nights. The hotel was clean and tidy, throughout.
The Concierge Christopher was excellent and helped as with all our needs, gave us discount
vouchers etc. Hotel was in excellent position. 3 blocks from John Hancok Build...”

GRADE rationale: Verdict: GENUINE (confidence 0.97). (1) Linguistic evidence: the phrase(s)
“blocks”, “excellent”, “concierge”, “we”, “etc” are characteristic of genuine reviews in the
indexed corpus. (2) Knowledge indicators: high numeric / quantitative details (z = +1.6); low
first-person singular pronoun rate (z = -0.9); low function-word rate (z = -0.9); low use of
exclamation marks (z = -0.6). (3) Precedents: 3 of the 10 most similar indexed reviews are
deceptive (closest: “We got an outstanding rate by signing up for the hotels' website newsletter.
Aff...”, genuine, sim = 0.70). (4) Decision: log-odds = lexical -1.87 + exemplar -0.56 +
knowledge -0.85 + bias -0.29 = -3.57.

Fig. 3. Rationales generated by GRADE for a deceptive and a genuine OpSpam review (fold-1
model). Every cited item is a span of the review, a measured indicator or a retrieved labelled
precedent, and the final line shows the additive decomposition of the log-odds.

Finally, we analyse the errors of the fold-1 models. GRADE misclassifies 37 of 320 OpSpam
reviews and 378 of 8,087 Amazon-CG reviews, with false positives and false negatives in roughly
equal numbers. The additive design makes errors easy to characterise: in 68% of the OpSpam
errors and 76% of the Amazon-CG errors the three channels disagree on the sign of the verdict,
against 36% of the correctly classified reviews in both datasets, and the error rate is 6.2% and 1.8%
when all three channels agree versus 19.8% and 9.4% when they do not. Errors are also made with
visibly lower confidence (mean 0.71 and 0.74 versus 0.93 and 0.96 for correct verdicts) and, on
Amazon-CG, concentrate on very short reviews (median 18 words versus 41). Channel
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disagreement and low confidence are therefore reliable, and transparent, triggers for routing a
review to a human moderator.
IX. CONCLUSION
This paper presented GRADE, a retrieval-augmented framework for explainable fake review
detection in which every verdict is grounded in retrieved labelled precedents, calibrated fraud
indicators and lexical cues, combined by an additive stacker whose log-odds decompose exactly
into channel contributions. On two public benchmarks covering human-written and machine-
generated fraud, GRADE matches or exceeds the strongest lexical detectors in-domain (90.0% and
95.2% accuracy; 96.7% and 99.0% AUC-ROC), is substantially more accurate when labelled data
are scarce, transfers across product categories far better than text-only models, and can be refitted
on newly labelled reviews in seconds to minutes. Its explanations are faithful by construction: in
the perturbation tests used for LLM-based detectors they are competitive with a dedicated LIME
surrogate at no additional cost and exceed random evidence several-fold, and the whole system
runs in tens of milliseconds per review on a single CPU core. These results show that the
explainability goals of knowledge-enhanced LLM detection can also be met by grounded retrieval
without parameter updates to a large model, and that measuring fraud knowledge, rather than
retrieving it by textual similarity, yields a markedly stronger knowledge channel. The two
directions are complementary: the evidence GRADE assembles (precedents with labels and
similarities, measured indicators with deviation scores, decisive phrases) is precisely the context a
chain-of-thought LLM needs to produce rationales that are both fluent and verifiable, which makes
GRADE a natural evidence layer for LLM-based moderation pipelines. Because the public corpora
expose only star ratings as metadata, the behavioural category was instantiated with rating-based
indicators, and polarity-specific calibration of the indicator statistics can further stabilise the
decision threshold across sentiment polarities. Measuring burst and account-age red flags on
platform data, re-calibrating indicator statistics on unlabelled target reviews and evaluating the
precedent-based explanations with moderators are the corresponding next steps.
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